Background: Retinopathy of prematurity (ROP) is the leading cause of childhood blindness worldwide. Automated ROP detection system is urgent and it appears to be a safe, reliable, and cost-effective complement to human experts. Methods: An automated ROP detection system called DeepROP was developed by using Deep Neural Networks (DNNs). ROP detection was divided into ROP identification and grading tasks. Two specific DNN models, i.e., Id-Net and Gr-Net, were designed for identification and grading tasks, respectively. To develop the DNNs, large-scale datasets of retinal fundus images were constructed by labeling the images of ROP screenings by clinical ophthalmologists. Findings: On the test dataset, the Id-Net achieved a sensitivity of 96.62%(95%CI, 92.29%-98.89%) and a specificity of 99.32% (95%CI, 96.29%-9.98%) for ROP identification while the Gr-Net attained sensitivity and specificity values of 88.46% (95%CI, 96.29%-99.98%) and 92.31% (95%CI, 81.46%-97.86%), respectively, on the ROP grading task. On another 552 cases, the developed DNNs outperformed some human experts. In a clinical setting, the sensitivity and specificity values of DeepROP for ROP identification were 84.91% (95%CI, 76.65%-91.12%) and 96.90% (95%CI, 95.49%-97.96%), respectively, whereas the corresponding measures for ROP grading were 93.33%(95%CI, 68.05%-99.83%) and 73.63%(95%CI, 68.05%-99.83%), respectively. Interpretation: We constructed large-scale ROP datasets with adequate clinical labels and proposed novel DNN models. The DNN models can directly learn ROP features from big data. The developed DeepROP is potential to be an efficient and effective system for automated ROP screening.
Introduction
Retinopathy of prematurity (ROP) is an ocular disease observed in infants with low birth weight, especially premature infants. The retinal blood vessels of the infant suffering from ROP develop abnormally [1] , which affects sight and may even lead to blindness in severe cases, e.g., due to retinal detachment. ROP is treatable by laser photocoagulation if the diagnosis and treatment are timely [2] . Therefore, ROP screening programs play an important role in ROP detection and clinical treatment. ROP screening for high-risk children is mainly performed by pediatric ophthalmologists or retinopathy specialists by bedside fundus photography devices. With the increasing number of high-risk children in the world and the imbalance of geographical distribution of children, this difficult and traditional method is obviously unable to meet the needs [3] . Besides, the number of ophthalmologists who are competent and willing to undertake ROP screening is gradually decreasing [4] . Kemper [5] reported that about 36% of the neonatologists in USA have been unable to transfer a child to a NICU of lower acuity or closer to the child's home because there are no specialists available there for ROP screening. 34% of them have needed to delay discharge because outpatient follow-up for either screening or treatment of ROP is not available near the family's home. ROP is the leading cause of childhood blindness worldwide [6, 7] . The situation is much more severe in developing countries, such as China. High neonatal survival rates and a large number of infants with low birth weight increase the number of premature infants at risk of ROP [8] , and medical resources are scarce.
In these ROP screening programs, images of the retinal fundus are captured using fundus photography devices, such as RetCam3, and are used by the ophthalmologist to make a diagnosis. To implement the automated ROP detection system, an algorithm to analyze the retinal fundus images and detect ROP is desired. ROP detection is represented as a classification problem in machine learning. Traditional algorithms [9] [10] [11] [12] analyze the retinal fundus images with handcrafted features, such as vessel dilation/tortuosity, venular features, and discern retinal from choroidal images. These methods require the specification of rules, which is unsuitable for ROP detection because of inadequate understanding of ROP symptomatology. Deep neural networks (DNNs) [13] [14] [15] , a branch of artificial intelligence, have lately yielded impressive results, such as AlphaGO [16] . It avoids the aforementioned "feature engineering" by automatically learning latent features from big data, which is a large set of labeled data consisting of images and corresponding labels. Therefore, DNNs reduce the need for explicit features identified by experts. They have achieved success in a variety of applications of image analysis [3, [16] [17] [18] [19] [20] [21] [22] [23] [24] . Most relevant research has been limited to ROP with plus-disease [3, 21] . For example, DNNs including a preprocessing network with U-net like architecture and a classification network with Inception V1 like architecture achieved a sensitivity of 93% with 94% specificity for diagnosis of plus disease [21] . Generally speaking, ROP with plus-disease is much more distinguishable and many published datasets are limited to such problems. It is clear that plus is an important feature in ROP, however, it is not sufficient to define ROP by itself only. More efforts should be paid to construct datasets by taking more clinical features together, such as stage and zone, into account. Moreover, the number of the images in published datasets is not sufficient to develop robust DNNs models that can deliver satisfactory performance.
In this study, we constructed a large-scale ROP dataset with adequate clinical labels firstly. The labels are "normal", "minor ROP", and "severe ROP", which are defined on the clinical features of plus, stage and zone together. In the clinical treatment, patients with "minor ROP" are required to have a reexamination after two weeks whereas patients with "severe ROP" are require to be treated by the clinical ophthalmologist immediately. The automated ROP screening system developed on such dataset would be more valuable in the clinical treatment than the systems developed on the dataset with "plus" and "nonplus" labels. Secondly, we developed two specific DNN models on the constructed dataset. Thirdly, we integrated the developed DNN models with cloud platform to implement the automated ROP screening system and tested the system with several methods.
Methods
In this study, we developed an automated ROP screening system using DNN models. It could be used for telemedicine ROP screening and facilitate cooperation among hospitals. In this section, the methods to construct the ROP detection datasets, develop and evaluate the DNN models as well as the automated ROP screening systems are presented.
Image labeling
Firstly, a large set of retinal fundus images from the ROP screening of premature babies should be collected. During each ROP screening, several retinal fundus images are captured which is split into two sets according to the eyes since the healthy state of each eye could be different. Each set is defined as a case that is to be labeled independently.
The cases were labeled by four clinical ophthalmologists following the pipelines in Fig. 1 . In the initial blind-reading phase, each case was annotated separately by three ophthalmologists. A case was annotated as "ROP" if ROP was found in any of its retinal fundus images; otherwise, it was annotated as "normal." The ROP case was then graded into "minor ROP" or "severe ROP" according to its severity. Therefore, two datasets
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Added value of this study
The added value of this study lies on three aspects. Firstly, we constructed a large-scale ROP dataset with adequate clinical labels, which is sufficient to develop robust DNNs models that can deliver satisfactory performance. Secondly, we developed and evaluated two specific deep neural networks on the constructed dataset for ROP detection. Thirdly, we integrated the developed DNN models with cloud platform to implement the automated ROP screening system and tested the system with several methods.
Implications of all the available evidence
Firstly, the constructed dataset in this study was labeled with adequate clinical labels. The automated ROP screening system developed on such dataset would be more valuable in the clinical treatment. Future research may pay more efforts to explore the more suitable clinical labels rather than the "none ROP" and "plusdisease". And it would be a good tutorial for education on ROP. Secondly, we evaluated the good performance of DNNs on ROP detection in retinal fundus images. The method could be applied into other medical images analysis tasks, such as detection of diabetic retinopathy and OCT images classification. Thirdly, we developed and tested the proposed automated ROP screening system which would improve the quality of ROP care since it can be used in the routine ROP screening in hospitals and facilitate cooperation among hospitals to detect ROP immediately and reliably. Fourthly, an interesting work would be done in the future is to show whether the features that DNN models dependent on to assign the prediction to ROP cases are the previously known features. It may reveal some new features unknown.
were constructed: an identification dataset and a grading dataset. In the subsequent non-blind phase, the annotations were evaluated by another more experienced clinical ophthalmologist if the assigned labels varied among the initial experts. The fourth ophthalmologist dropped the cases if diagnoses were not faithfully. The labels, i.e., "normal", "minor ROP", and "severe ROP", used in this study were assigned not only based on the International Committee for the Classification of Retinopathy of Prematurity (ICROP) system [25] , but also the requirements of clinical treatment described in Cryotherapy for Retinopathy of Prematurity (CRYO-ROP) and Early Treatment ROP (ETROP) [2, 25, 26] . The identification labels, "normal" and "ROP", denote whether the clinical features of ROP found in the retinal fundus images. The grading labels, "minor ROP" and "severe ROP", indicates the severity of the ROP disease. 
Deep neural networks
ROP detection consists of two subtasks. One is an identification task, which aims to distinguish ROP cases from normal cases. The other is a grading task, where cases of ROP are classified into minor and severe. The two subtasks are binary classification problems in machine learning, which can be formulated as:
where n is the number of images of case X and x i is the i-th image. y ∈ {0, 1} is the corresponding label of X. Our goal is to approximate the function F.
The methods in the literature [3, 21] cannot be applied directly into our work since the detection in this study was performed upon each cases rather than each image independently. There are four challenges making it difficult for human eye as well as DNN models to identify and grading the ROP through the retinal fundus images: [1] The number of the images varies in different cases depending on the patient and the photographer; [2] Images of the retinal fundus are usually poor in quality because of motion blur and illumination artifacts. The colors images are with significantly appearance variations; [3] Only a few images in ROP cases contain the distinguished feature that determines ROP while the others are similar images between the different cases. [4] The feature that determines ROP is in some very small local regions of the image.
To deal with the above problems, an ROP detection algorithm is developed by using deep convolutional neural networks (see Fig. 2 ). An identification network (Id-Net) and a grading network (Gr-Net) were developed to approximate the mapping F for the aforementioned two subtasks, respectively. Id-Net and Gr-Net have a similar network architecture (see Fig. 3 ). It was constructed by introducing a feature-binding block to the well-known Inception-BN 17 network, which delivered state-of-the-art performance in the large-scale image classification challenge "ImageNet."
The proposed Id-Net and Gr-Net consist of three blocks. The first is a feature extractor block, which is identical to the subnetwork from the input layer to the second Inception-B block in the Inception-BN 17 network. Given an case X, the feature extractor block takes each image x i one by one and outputs the corresponding feature map s i . The second block is the feature-binding block, which aims to bind the set of feature maps S = {s i | i = 1, 2, ⋯, n} into one feature map S(X). The feature fusing method used in our networks is the max operation, defined by S(X) j = max {s i j | i = 1, 2, ⋯, n}, where s i j is the j-th element of the i-th feature map, and S(X) j is the j-th element of feature map S(X). The featurebinding block can reduce negative effects of the varying number of images in each case X, and can enhance the feature maps of distinguishable images while suppressing similar images that are found in many cases belonging to different categories. The third block is the classification block, which consists of several convolution layers and a softmax layer. It learns deep abstract features from feature map S(X), and maps the final feature into the corresponding label of the input case.
Id-Net and Gr-Net need to be trained on the large-scale dataset to obtain the network parameters. The training of a neural network refers to changing the parameters in it to improve network performance by deploying a learning algorithm, such as the backpropagation (BP) algorithm. The network performance is described by a cost function that measures the distance between the network's output and the real label. After training, the neural network is expected to produce an output that is close to the corresponding real label. The training processes of Id-Net and Gr-Net were identical except for the training dataset used. Id-Net was trained on the identification dataset whereas the GrNet was trained on the grading dataset. The training process consisted of two phases. The first was offline pre-training. An Inception-BN network was trained on Image-Net. The learned parameters were used as Fig. 1 . The image labeling process. Fig. 2 . The workflow of ROP detection by using two DNNs. Case X was first identified by IdNet and subsequently graded by Gr-Net if it was a ROP case.
the initial parameters of Id-Net and Gr-Net, which were then fine-tuned on the corresponding ROP dataset. Here, the retinal fundus images were resized from 1200*1600*3 to 240*320*3 and the values of the pixels were normalized into range [−1, 1]. Cross-Entropy was used as cost function. The optimization method was AdaDelta [27] with the default parameters lr = 1.0, rho = 0.9, eps = 1e − 06. The proposed DNN models were implemented using Tensorflow (https://www. tensorflow.org) and the source code is available in Github as https:// github.com/qmiwang/deeprop.
Experts comparisons
To further evaluate the performance of the developed DNN models, the retinal fundus images captured during routine clinical ROP Screenings in Jan. 2018 in Chengdu Women & Children's Central Hospital were used to compare the DNN models' predictions with the diagnoses of three human experts.
Having developing a labeling system, we instructed three experts with adequate clinical experience in ROP detection to make a referral decision on each case using only the retinal fundus image independently. Given a case, the true label was given by the voting of the labels made by three experts. It means that the label of a given case is obtained by choosing the label given by at least two experts. The confusion table and error rate of the DNN model and the three experts were calculated by referring the true labels. Furthermore, we computed the KAPPA values between the DNN model and the three experts respectively.
Testing of the DeepROP system under clinical settings
The ROP detection algorithm was integrated into a cloud computing platform for automated ROP detection in images of the retinal fundus. The platform is called DeepROP. It can be used for telemedicine ROP screening and cooperation among hospitals. In general, the workflow consists of the following stages (see Fig. 4 
):
Step1: Uploading images of the retinal fundus. In a hospital that has ROP screening devices, prematurely born infants undergo ROP screening programs. The photographer, doctor, or anyone who can obtain images of the retinal fundus can access the automated ROP detection platform and upload the images through a website.
Step2: Automated ROP detection. The automated ROP detection platform saves the retinal fundus images and automatically divides them into two cases: images of the left eye and those of the right eye. Given a case, Id-Net takes the images as input and generates the ROP identification results. The detection process is complete if the given case is determined to be normal. Otherwise, Gr-Net is executed to determine the severity of ROP. Finally, an initial diagnostic report is generated automatically. This process does not require any human assistance. It eliminates the drawbacks stemming from a lack of adequately trained clinicians for ROP identification.
Step3: ROP expert evaluation. The diagnostic report contains a confidence score for the automated ROP detection platform. If the confidence score is below a threshold, the results should be evaluated by human experts. They can check the report online, and one report can be evaluated by several experts. Our cloud-based platform thus supports cooperation among hospitals for ROP diagnosis.
The website was assessed in six hospitals for routine ROP screening programs. The clinical ophthalmologist uploaded images captured during routine clinical ROP screening programs without any data selection or preprocessing. The DeepROP system would generate the diagnose automatically. By referring the diagnosis by the clinical ophthalmologist as the standard label, the specificity and sensitivity of the model were presented.
Results
In this study, we constructed a large-scale ROP datasets of retinal fundus images and developed two DNN models for the detection of ROP. One is Id-Net which aims to distinguish the normal case from ROP case and the other is Gr-Net which classify the ROP cases into either Minor ROP case or Severe ROP case. The two DNN models were trained and evaluated on the constructed dataset and then integrated into a cloud based platform for automated ROP detection, which was assessed in the routine ROP screening in multiple hospitals in China.
Large-scale ROP datasets
We collected lots of images of ROP screenings from the Chengdu Women & Children's Central Hospital. Following the proposed image labeling method, there were 349 cases drop in the identification dataset and 222 cases drop in the grading task. The proposed datasets consist of three parts: developing data to build the DNN models, data for expert comparison, and data collected from web. The number of cases and images are listed in the Table 1 . The cases in developing data and data for expert comparison were collected from screenings of 869 infants. The summaries of the birth weights and gestation ages of the infants are presented in Fig. 5 . As expected, most of them had low birth weights or were premature. There were 93 boys and 78 girls while the genders of other infants were unknown since they were not recorded during the ROP screening.
To the best of our knowledge, this is the largest dataset of images of the retinal fundus for ROP detection. A comparison of our dataset with published datasets is listed in Table 2 . Our dataset was more heterogeneous as it contained images of more patients and more cases of ROP screening. It would be a good tutorial for ROP education because it ensures coverage of the various instances of different ROP severities. Furthermore, the scale of the dataset is key to the success of automated ROP grading methods, such as DNNs. The labels used in our dataset were designed according to the clinical treatment of ROP patients in Sichuan, China. It is thus more suitable for patients in China.
Performance of the model
To train and evaluate DNN models, the developing dataset was split randomly. 298 cases (149 normal and 149 ROP) and 104 cases (52 minor ROP and 52 severe ROP) were selected randomly from the developing dataset for evaluating the performance of Id-Net and Gr-Net, respectively. Other cases were used to train Id-Net and Gr-Net. To deal with the imbalance problems, during the training, we oversampled the classes with less cases to ensure the number of the cases are same in each task.
By referring to annotations provided by four ophthalmologists, the proportions of false positives and missed cases of the optimized DNNs were recorded. The results were presented in Fig. 6 , Table 3, and  Table 4 . In the identification task, the developed Id-Net distinguished normal cases from ROP cases with a sensitivity of 96.64%(95%CI, 92.34%-98.90%) and a specificity of 99.33%(95%CI, 96.32%-99.98%). The area under the ROC curve was 99.49%. Using Gr-Net, the algorithm provided ROP grading attained sensitivity and specificity values of 88.46%(95%CI, 76.56%-95.65%) and 92.31%(95%CI, 81.46%-97.86%), respectively. The area under the ROC curve was 95.08%.
Comparison of the model with human experts
The dataset for expert comparison were the retinal fundus images captured during routine clinical ROP in Jan. 2018 in Chengdu Women & Children's Central Hospital to compare the developed DNN's referral decisions with the decisions made by human experts. There are 2361 images of 552 cases from 264 patients. The distributions of the normal cases, minor ROP cases, and severe ROP cases were presented in Table 1 .
The inter-rater KAPPA values among the DNN models and three experts were presented in the Table 5 . Furthermore, the confusion tables and error rates of the DNN models and the three experts are presented in Tables 6-9 , and Fig. 7 . The developed DNN models outperformed the expert 1.
Furthermore, the averagetime per case used by the DNNs is around 2 s while it is around 30-60 s for human experts. The detection prediction by the DNN models is very efficient.
DeepROP website and clinical test
The proposed ROP detection algorithm was integrated with a cloud computing platform for automated ROP detection and report generation Developing data  605  1484  7559  742  5967  260  1834  260  2305  Data for expert comparison  264  501  2068  51  293  31  173  20  120  Data from web  404  838  4251  106  657  91  565  15 92 Fig. 5 . The distributions of birth weight and gestation ages of the infants. "UK" denotes the set of infants whose birth weights or gestation ages were not provided. A, each bar represents the number of sets of infants whose birth weights were in the given range. B, each bar represents the number of sets of infants whose gestation ages were within the given weeks. The clinical ophthalmologist uploaded images from these 472 screenings to the website. DeepROP automatically divided the images into 944 cases according to eye. For each case, it made two predictions for identification and grading, respectively, and generated an initial diagnostic report that was evaluated by a clinical ophthalmologist. The ophthalmologist edited the report if his/her diagnosis was inconsistent with the initial report by DeepROP. For comparison, the diagnosis by the clinical ophthalmologist was referred to as the standard label. The ophthalmologist diagnosis and DeepROP predictions were then recorded. The performance of DeepROP is shown in Table 10 .
Discussions
Automated ROP grading algorithms are desirable for ROP screening and treatment. Dataset plays a crucial role in the training of automated ROP grading algorithms. In general, a dataset used for DNNs must contain a large number of images of ROP screenings that cover various ROP features and different severities, and have been captured from an adequately large number of patients to reduce the individual effect and avoid the over-fitting of the learning algorithm to some specific feature. Otherwise, the performance of the learning algorithm worsens when applied to new images of ROP screening. The datasets constructed in this study are advantageous in terms of the above properties over other datasets. Moreover, both the identification dataset and grading dataset were provided, which enabled the process to grade cases of ROP for accurate treatment, rather than simply identify ROP. The results showed that DNNs can be trained using large-scale datasets, without the need to specify features by experts, to automatically detect ROP in images of the retinal fundus with high sensitivity and accuracy. Compared with human experts with adequate clinical experience on ROP diagnose, the developed DNNs obtained comparable performance and made the detection prediction very efficiently. Further, it provides the same diagnosis on a given image every time, which is difficult for a human ophthalmologist. Multiple DNN models can be trained and integrated to simulate the consultation of several experts as well. This will be tested in our future work. Furthermore, the proposed method in this study is more suitable to be deployed in the automated ROP screening system than the method in the literature [21] . Because our method detects the ROP per case no matter how many images there are.
The clinical setting test highlighted the impressive performance of the DeepROP platform. Results suggest that whilst ROP identification worked very well prospectively, the ROP grading does not do so well. Maybe there are two reasons. One is that the features between "minor ROP" cases and "severe ROP" cases are less distinguishable than the features between "Normal" cases and "ROP" cases. The other is that the number of cases used to develop the Gr-Net is smaller than the number of cases used to develop the Id-Net so that the generalization performance of the Gr-Net is poorer than the Id-Net. The clinical setting test is an important step in telemedicine ROP screening programs and multihospital collaboration for several reasons. First, it enables ROP pre-screening and evaluation of patients in non-specialized hospitals. Second, it breaks the bottleneck of data usage due to the isolation of data in individual hospitals and accelerates the process of collecting a large-scale dataset for fine-grained ROP grading. Third, the cloudbased platform can collect new data, which will increase the coverage of ROP features, and improve the ROP detection algorithm. For example, in the Web-based test in this study, 4908 images of 944 cases of 404 infants were collected in 10 months. The size of those data items was larger than published datasets.
The limitations of our works lie on three aspects. Firstly, the number of "severe ROP" cases is not enough to ensure the generalization performance in the clinical test. Secondly, the developed system can only evaluate the severity of ROP. In future work, we plan to collect more data and grade ROP in more fine-grained classes, such as the "plus-disease," "stage," and "zone." Thirdly, an open question is whether the predictions of the cloud platform will influence the diagnoses of ophthalmologists in comparison with clinical testing without the platform. More attention should be paid to test the platform more widely in future. 
